This paper presents a method to detect and recognize the power quality disturbances using Lifting Wavelet Transform (LWT). The disturbed signal is decomposed to many frequency sub-bands in frequency domain to identify the disturbing time and level. The aliasing problem presents in the Discrete Wavelet Packet (DPT) can be mitigated using LWT. The LWT paves a way to reconstruct the signal with perfection and elimination of time invariance lag by up-sampling the filter coefficients as well. A critical evaluation of the LWT and the DPT for standard power quality disturbances are provided using MATLAB. The results prove the triumph of the LWT.
Introduction
The quality of power supply has become a major concern of electricity users. A power quality problem can be described as any variation in the electrical power service, such as voltage dips, voltage swell, momentary interruptions, harmonics, transients, notches, noises resulting in misoperation or failure of end-use equipment etc [1] . The accurate detection of disturbances is the primary requirement of mitigation measures. Generally, wavelet technique is applied to detect power quality disturbances. Wavelets are a set of functions that can be used effectively in a number of situations to represent highly transient phenomena resulted from the dilation and the shift of the original waveform. Wavelet transform represents a powerful signal processing tool with a wide variety of applications involving non-stationary signals [2] .
In wavelet analysis, the wavelet function is compared to a section of the signal under study. Obtaining a set of coefficients that represent how closely the wavelet function correlates with the signal. Wavelet Transform is designed to give a good time resolution and poor frequency resolution at high frequencies and the vice versa at low frequencies. This approach makes sense especially when the signal of consideration has high frequency components for short durations and low frequency components for long durations [2] . The selfinherited problems such as the time and frequency resolution are due to physical phenomenon and independent of the transform used. The possible alternative solution to above said problem is application of the wavelet packet transform (WPT). The merit of the WPT is splitting the approximate coefficients and analyzing the signal at different frequencies with different resolutions [3] . It is very common fact that in many cases, the extracted wavelet features are not accurate and hence fail to reconstruct the events.
The contribution in the analysis of power quality disturbances is appreciable in recent years. A neural-fuzzy technology-based classifier for the recognition of power quality disturbances has been presented [14] . The classifier adopts neural networks in the architecture of frequency sensitive competitive learning and learning vector quantization (LVQ). A distinct, understandable, and immune to noise S-transform based method of detecting and classifying power-quality disturbances has been developed by Fengzhan Zhao and Rengang Yang [15] . The results of comparison between the wavelettransform-based method and the ST-based method are very useful for researchers. A shifting window average method (SWAM) has been described to enhance the accuracy of the widely implemented discrete Fourier transform (DFT)-based algorithm in power system frequency measurements. SWAM has been well projected as a valuable candidate for online frequency estimation in real-life power systems, especially when harmonics, uncharacteristic harmonics, noises, and large frequency excursions exist due to its high accuracy and low required processing effort [16] .
In this paper, an innovative algorithm based on LWT is developed to detect and recognize the power quality disturbances through the time and energy analysis using approximation/detailed coefficients. The aliasing and lag of time invariance property problems could be overcome by using LWT. The comparative results of WPT and LWT for standard power quality disturbances applied to p.u system are informative and sufficient to prove the success of LWT.
Lifting Wavelet Transform
Lifting wavelet transform is second generation wavelet transform introduced by Wim Sweldens. The lifting scheme is a technique for both designing wavelets and performing the discrete wavelet transform. Actually it is important to merge these steps and design the wavelet filters while performing the wavelet transform [5] . The process of computing the prediction and the recording follows in a sequence algorithm, called as lifting steps. This involves two tasks, viz. changing the high pass coefficient by keeping the low pass coefficient fixed and the vice versa [6] . The steps are the dual lifting step or the predict step and the primal lifting step or the update step.
The idea behind this technology is that lifting of the high-pass sub-band with the low-pass sub-band, which can be seen as prediction of the odd samples from the even samples. The inverse transform is about to change all the scaling factors, replace "split" by "merge" and reverse the data flow. This easy invariability is always true for the lifting scheme [5] . The lifting scheme divides the transform process of the first generation wavelet transform into following three steps: Split, Predict, and Update as shown in Fig. 1 .
Fig.1 Lifting Scheme (1) Split
The split phase starts with a forward transform step, which moves the odd elements to the second half of the array, leaving the even elements in the lower half. At the end of the transform step, the odd elements are replaced by the differences and the even elements are replaced by the averages. The even elements become the input for the next step, which again starts with the split phase. The result of the forward transform is shown in Fig.2 . The first element in the array contains the data average. The differences (coefficients) are ordered by increasing frequency.
Fig. 2 Lifting Scheme forward wavelet transform
Split the input sequence S i into two sub-sets, the odd sequence D j,i and the even sequence A j,i.
Predict
The predict step of wavelet transform starts with a split step, which divides the data set into odd and even elements. The predict step uses a function that approximates the data set. The difference between the approximation and the actual data replaces the odd elements of the data set. The even elements are left unchanged and become the input for the next step in the transform. The predict step, where the odd value is "predicted" from the even value is described by (2).
If the data set consists of points on a line, then it can be reduced very close to a single element and the length of the data set. In most cases the data set is more complex and it cannot be entirely represented by a starting condition, a length and an equation. However, a more compact representation might be arrived at by approximating the data in a local region using a function. The predict stage replaces an odd element with the difference between the odd element and a function calculated from the even elements. The simplest example of such a predict stage takes a single even element as its argument to calculate the predicted value of the odd element.
The process of "predicting" the odd elements from the even elements is recursive, as long as the number of data elements is a power of two. After the first pass, the odd (upper) half of the array will contain the differences between the prediction and the original odd element values. The next recursive pass divides the lower half of the array into odd and even halves. The difference between the prediction and the odd element value is stored in the new odd half. The recursive passes continue until the last step where a single odd element is predicted from a single even element.
(3) Update
The update step replaces the even elements with an average. These results in a smoother input for the next step of the wavelet transform. The odd elements also represent an approximation of the original data set, which allows filters to be constructed. ) (
The update phase follows the predict phase. The original value of the odd elements has been overwritten by the difference between the odd element and its even "predictor". So in calculating an average the update phase must operate on the differences that are stored in the odd elements. It can be seen from the above discussion, the greatest advantage of wavelet decomposition of signals using lifting scheme to realize that wavelet transform is decomposed into three simple steps, and the inverse transform is also very simple of each step.
(4) Perfect reconstruction
One of the elegant features of the lifting scheme is that the inverse transform is a mirror of the forward transform. Usually a signal transform is used to transform a signal to a different domain, perform some operation on the transformed signal and inverse transform it, back to the original domain. This means that the transform has to be invertible. The merge step replaces the split step.
Fig. 3 Lifting Scheme forward wavelet transform
In Fig. 3 gives the logical to construct the inverse transform by first performing an up sampling step and then to use two synthesis filters, low-pass and high-pass to reconstruct the signal. Filters are required here, because the up sampling step is done by inserting a zero in between every two samples and the filters will have to smooth this. The time reversion of the analyzing filters is necessary to compensate for the delays in the filters. Without it, it would be impossible to arrive at a nondelayed perfectly reconstructed signal. If the conditions for perfect reconstruction are fulfilled, then all the aliasing caused by the sub-sampling will miraculously be canceled during the reconstruction.
Parseval's Theorem
Parseval's theorem usually refers to the result that the sum (or integral) of the square of a function is equal to the sum (or integral) of the square of its transform [9] . Parseval's theorem is used to find energy levels from the detailed coefficients using the equation (6) .
The first term on the right of equation (6) denotes the average power of the approximated version of the decomposed signal, while the second term denotes the detailed version of the decomposed signal. The second term gives the energy distribution features the distorted signal using the detailed coefficients to extract the features of power disturbance. The energy of the distorted signal can be decomposed at different resolution levels in different ways depending on the power quality problem. Therefore, a 10-level decomposition of each discrete distorted signal will be performed to obtain the detailed version coefficients which will extract the features of the distorted signal for classifying different power quality problems. The process can be represented mathematically by:
is the norm of the expansion coefficient
Simulation Results
The algorithm proposed is compatible with the detection of different power quality disturbances groups and uses the Daubechies 4 as the wavelet function and the filter bank with ten levels of decomposition. The sampling frequency selected is 1.6 kHz with fundamental frequency of 50Hz. The technique for detecting the power quality disturbances is implemented in MATLAB software. In this section, five types of standard disturbance signals, such as voltage dips or sags, voltage swells, interruptions, harmonics and oscillatory transients are considered. The tested disturbance signals are generated using MATLAB and comparative studies of the performance of the proposed and conventional method are carried out under different conditions.
Voltage Sag
A fluctuating signal is not a complete interruption of power and voltage sags are probably the most significant power quality (PQ) problem facing industrial customers today, and they can be significant problem for large commercial customers as well. When the normal voltage signal decreases by 10 to 90 percent, it is known as voltage sag. Fig. 4(b) . The starting and the ending times of the disturbances are well evidenced. The energy distribution will help to automatic reorganization. The computation time and the location of disturbance starting and ending time with percentage deviation are shown in Table I and II respectively.
Voltage Swell
When the normal voltage signal increases by 10 to 90 percent known as voltage swell. A representative swell signal is considered as input signal and the simulation output of the proposed LWT are shown in Fig.5 . The location of disturbance starting and ending time are shown in Table II with percentage deviation and energy distribution diagram can be drawn by applying Parseval's theorem in the energy level of detail coefficients. 
Interruptions
The interruption can be seen as a momentary loss of voltage on a power system. Such disturbance occurs due to a drop of 90 to 100 % of the rated system voltage The disturbance starting and ending time which is measured from the absolute value of detail coefficients by signals are shown in Fig.6. 
Harmonics
The presence of harmonic distorts the shape of the voltage and current which in turn creates many problems which resulting in misoperation or failure of end-use equipment.
(a) Table I with percentage deviation and energy levels in each detailed signals are calculated using Parseval's theorem. The power quality disturbance which lasts for a time duration shorter than sags or swells is called oscillatory transients. Considered sample signal and outputs are depicted in Fig.8 .The disturbance starting and ending times measured from the absolute value of detailed coefficients are listed in Table I with percentage deviation and comparison graph using computation time is shown in Fig.7 . From the results obtained it is found that LWT has better performance than WPT. Fig.7 shows the total computation time for analysis of power quality disturbance and confirms the faster functionality of LWT is than WPT. The techniques are compared at different disturbance condition with error comparison graph shown in Fig.10 . 
Oscillatory Transients

Conclusion
This paper presented a new algorithm for the analysis of power quality disturbance using db4 wavelet function. The case-studies with standard disturbance signals are presented to confirm the compatibility of the method. The performance of the proposed method is compared with the results obtained using conventional technique for different measurement conditions and showing the Lifting Wavelet Transform is more accurate in detecting power quality disturbance. 
